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ABSTRACT 
The default mode network (DMN) is thought to reflect endogenous neural activity, 
which is considered as one of the most intriguing phenomena in cognitive 
neuroscience. Previous studies have found that key regions within the DMN are 
highly interconnected. Here, we characterized genetic influences on causal or directed 
information flow within the DMN during the resting state. In this study, we recruited 
forty-six pairs of twins and collected fMRI imaging data using a 3.0T scanner. 
Dynamic causal modelling was conducted for each participant, and a structural 
equation model was used to calculate the heritability of default mode network in 
terms of its effective connectivity. Model comparison favored a full-connected model. 
The ACE model was preferred in the comparison of structural equation models. 
Heritability of DMN effective connectivity was 0.54. Establishing the heritability of 
default-mode effective connectivity endorses the use of resting-state networks as 
endophenotypes or intermediate phenotypes in the search for the genetic basis of 
psychiatric or neurological illnesses. 
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INTRODUCTION 
Spontaneous low frequency fluctuations in resting-state blood oxygenation 
level-dependent (BOLD) signals are thought to reflect coherent neuronal activity, 
which can be measured by functional magnetic resonance imaging (fMRI) (Biswal et 
al., 1997). These fluctuations give rise to a series of structured functional networks 
(Greicius et al., 2003; Fox and Raichle, 2007). Using functional connectivity analysis 
of fMRI or positron emission tomography (PET), a set of resting state networks have 
been identified and associated with distributed networks engaged during cognitive 
behaviors (Smith et al., 2009). The default mode network (DMN), whose activity is 
maximum at rest and suppressed during passive tasks, has been considered and 
important network in the human brain. It reflects intrinsic or endogenous neural 
activity and may have a role in monitoring the external environment and supporting 
internal mentation (Gusnard et al., 2001; Gilbert et al., 2007). Cortical regions in this 
network include the posterior cingulate gyrus (PCC), retrosplenial cortex and 
precuneus, medial prefrontal cortex (mPFC), medial/inferior temporal cortex, 
medial/inferior parietal cortex, and cerebellar areas (Raichle et al., 2001; Damoiseaux 
et al., 2006). The DMN is prevalent in normal populations (Anticevic et al., 2012) and 
alterations within the network have been reported in normal aging (Sheline et al., 
2010; Toussaint et al., 2014). Furthermore, changes in the DMN are also found in 
neuropsychiatric disorders, such as Alzheimer’s disease (Zhong et al., 2014; 
Dipasquale et al., 2015), depression (Sheline et al., 2009; Liston et al., 2014), 
schizophrenia (Calhoun et al., 2008; Tang et al., 2013; Pankow et al., 2015), and 
amnestic mild cognitive disorders (Wang et al., 2013; Weiler et al., 2014). 
The spatial pattern of the DMN may be inherent to the mammalian brain, because it is 
present in sleeping babies (Fransson et al., 2007; Schopf et al., 2012) and nonhuman 
primates (Vincent et al., 2007). Many studies have showed that spontaneous 
fluctuations in resting state are subject to significant genetic effects; suggesting that 
they could serve as endophenotypes or intermediate phenotypes in search for the 
genetic origins of brain disorders (Glahn et al., 2010; Fornito et al., 2011; Korgaonkar 
et al., 2014). The genetic influence on regional coactivation and ensuing functional 
connectivity of DMN has been found in normal subjects (Karlsgodt et al., 2010) , and 
subjects with psychiatric disorders, such as Alzheimer’s disease (Persson et al., 2008), 
schizophrenia (Whitfield-Gabrieli et al., 2009; Meda et al., 2014) and major 
depressive disorder (Rao et al., 2007).  
Twin studies using both monozygotic (MZ) and dizygotic (DZ) twins provide a 
unique opportunity to explore the genetic and environmental influences, not only on 
the variation of individual trait but also on cross-trait correlations. Moreover, study 
designs involving pedigrees and twins can provide evidence for gene-environment 
interactions (Purcell, 2002). Such evidence may illuminate molecular, 
neuropsychiatric and epidemiological studies of the pathophysiology of disease 
processes. Previous studies have explored the genetic and environmental influences 
on the activity and functional connectivity of the DMN. However, it remains unclear 
how genetic and environment effects impact on the effective (directed) connectivity 
within the DMN.  
Functional connectivity is defined as the statistical dependence among remote 
neurophysiological events. It usually rests on measures like correlations, coherence, 
or transfer entropy to describe these dependencies (Friston, 2011). Mechanistically, 
the integration of a distributed system can be better understood in terms of effective 
connectivity: effective connectivity quantifies the directed coupling among brain 
regions, while functional connectivity reflects (undirected) statistical associations. 
Effective connectivity refers to the influence that one neural system exerts over 
another. One technique, called dynamic causal modeling (DCM), has been developed 
to analyze effective connectivity (Friston et al., 2003), and recently stochastic DCM 
has been proposed to model spontaneous fluctuations in BOLD signals and estimate 
effective connectivity in the absence of a experimental manipulation (Li et al., 2011). 
In short, analyses of effective connectivity, using DCM, enable us to make inferences 
about the hidden information flow in a distributed network by comparing the evidence 
for different models (i.e. directed graphs or architectures) of coupling. 
Based on previous findings of significant genetic influence on the functional 
connectivity of the DMN (Glahn et al., 2010; Korgaonkar et al., 2014), we 
hypothesized that genetics make a significant contribution to the effective 
connectivity within DMN. To identify the contribution of genetic and environment 
effects, the current study quantified the effective connectivity within DMN at rest 
using fMRI. Group independent component analysis (ICA) analyses were first 
performed to decompose the functional data into spatially independent components. 
Then the default mode was identified through a canonical template, and four 
representative ROIs were defined for further (stochastic) DCM analysis. After 
estimating the effective connectivity between four ROIs using stochastic DCM, a 
structural equation model was used to calculate the heritability of the effective 
connectivity within DMN. 
 
MATERIALS AND METHODS 
Participants 
24 (13 male and 11 female) monozygotic (MZ) and 22 (12 male and 10 female) 
dizygotic (DZ) twin pairs (mean age = 17.13, SD = 1.58; range from 15-20 years old) 
were recruited from the Qingdao Twin Registry, established in 1998 at the Qingdao 
Center for Disease Control and Prevention (Duan et al., 2013). Inclusion criteria were: 
(1) right-handed measured with the Edinburgh handedness inventory (Oldfield, 1971); 
(2) no history of any neurological or psychiatric disorders, or cognitive complaints, 
and no abnormal findings observed in conventional brain MRI. Venous blood was 
drawn for zygosity identification (for like-sex twin pairs) using 16 multiple short 
tandem sequence repeated DNA markers at the center laboratory of Qingdao Blood 
Center, with the zygosity assignment ascertained to be 99.9%.  
The study was supported and approved by the Human Research Ethics Committee of 
Shandong University School of Medicine. Written informed consents were obtained 
from all participants, as well as their parents. 
Data acquisition 
All participants were scanned using a 3.0 Tesla GE Signa scanner (General Electric 
Medical Systems, Milwaukee, WI), with a standard eight-channel head coil. To reduce 
head motion and scanner noise during scanning, foam pads and earplugs were used to 
stabilize each participants’ heads. Subjects were instructed to keep their eyes closed, 
relax and think of nothing in particular (without falling asleep). The functional MR 
images were obtained using an echo-planar imaging (EPI) sequence: 35 axial slices, 
thickness/gap= 3.5 / 0.7 mm, matrix= 64 × 64, repetition time (TR) = 2000 ms, echo 
time (TE) = 35 ms, flip angle (FA) = 90°, field of view (FOV) = 224 × 224 mm2. The 
scan lasted for 5 min 42 s, during which time 171 images were collected for each 
subject. 
In addition, a three-dimensional volume spoiled gradient-echo (SPGR) pulse 
sequence with 174 slices (TR = 6.5 ms, TE = 2.0 ms, thickness /gap= 1.0 / 0 mm, 
matrix = 256 × 256, FOV = 256 × 256 mm2, FA = 15°) was used to acquire the 
high-resolution T1-weighted images for anatomical reference. 
Image preprocessing 
Image preprocessing was conducted using SPM8 software 
(http://www.fil.ion.ucl.ac.uk/spm/). The first 10 volumes for each participant were 
discarded to allow for T1 equilibration effects and adaptation of participants to the 
scanning environment. The remaining functional images were first corrected for time 
delay between slices and head motion. A six-parameter rigid body transformation was 
used to realign the functional images to the first image. As all participants’ head 
movements were less than 1.5 mm and 1 degree, no participant was excluded. Next, 
the high-resolution structural image was coregistered with the functional images and 
was subsequently segmented. The mapping between the anatomical image and the 
Montreal Neurological Institute (MNI) echo-planar imaging (EPI) template was used 
to spatially normalize the realigned images into a standard stereotaxic space at 3 × 3 × 
3 mm. Finally, the functional data were spatially smoothed by convolution with an 
isotropic Gaussian kernel (FWHM = 4 mm) to attenuate spatial noise 
Independent component analysis 
To identify regions for subsequent DCM, we first identified the DMN in each subject 
using ICA: after data preprocessing, GICA was conducted to decompose the resting 
state data into spatial ICs using the GIFT software (http://icatb.sourceforge.net/). First, 
the optimal components was estimated using the minimum description length criteria 
(Li et al., 2007), and the number was 41 in this study. Time series from all subjects 
were concatenated and decomposed into ICs using the infomax algorithm, resulting in 
41 independent spatial maps. The corresponding components for each subject were 
calculated through a back reconstruction step. 
We identified the default mode component automatically using a DMN template, 
generated using the WFU PickAtlas Tool 3.0 
(http://fmri.wfubmc.edu/software/pickatlas ). In current study, we created the template 
with the bilateral precuneus, posterior cingulate, angular, inferior parietal cortex and 
superior medial frontal cortex. All the spatial components were then sorted using a 
multiple spatial regression of the template with the ICs. The component with the 
highest regression coefficient was identified as the default mode component. To locate 
the default mode regions that were conserved over subjects, a one sample t-test was 
performed to produce a group-mean DMN with subject-specific default mode 
components. 
Region of interest definition 
Based on the identification of the default mode above, we defined four ROIs: the PCC, 
mPFC, left lateral parietal cortex (LPC) and right lateral parietal cortex (RPC). The 
ROIs were centered on the local maximum of the default mode component that was 
nearest the maxima in the group mean map. For each subject, the time series of all 
four ROIs were extracted from a 6 mm sphere.  
Dynamic causal modelling 
Effective connectivity analysis was performed using DCM10 in SPM8. Stochastic 
DCM tries to explain how neuronal activity in one region is affected by neuronal 
activity in others based on nonlinear differential equations. Distributed neuronal 
activity is modeled by hidden neuronal states within each region using (neuronal) 
state equations. The state equations also model the conversion from hidden neuronal 
states to observed fMRI signals via hemodynamic states, such as blood flow and 
deoxyhemoglobin concentration. The ensuing stochastic differential equations contain 
parameters corresponding to effective connectivity mediating influences both within 
and between regions. Stochastic DCM can exploit spontaneous fluctuations in activity 
by including random fluctuations in the state equations. Each DCM contains three 
kinds of unknown parameters that are estimated: the parameters of the state equations, 
the hidden states per se and precision of measurement noise. Model fitting or 
inversion provides estimates of these quantities using standard (variational) Bayesian 
techniques. In this instance, generalised Bayesian filtering (Friston et al., 2010). For 
details, please see (Li et al., 2011). 
The stochastic DCM neuronal state equations can be summarised as follows: 
 
 
 
 
Generalised Bayesian filtering was conducted to fit a fully connected DCM for each 
subject. After this, the DCM results were then optimised to identify which 
connections where present (i.e., not redundant). In detail, our stochstic DCMs were 
fully and reciprocally connected generating 16 connections within and among four 
nodes for each subject. The full DCM was then inverted using generalised filtering. 
The best model was recoverd throught a Bayesian network discovery scheme –known 
as post hoc optimiztion or Bayesian model reduction (Friston et al., 2011). This 
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subject.  
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variation over subjects. This connectivity measure was used for further genetic 
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The first column of the matrix U corresponds to the principal component of interest. 
 
Genetic analysis 
Univariate genetic modeling was used to estimate the genetic and environmental 
contributions to effective connectivity in DMN. Genetic modelling was performed 
using OpenMx (Boker et al., 2011) with a full information maximum likelihood 
estimator on R version 3.1.0 (R Development Core Team, 2012). There were three 
sets of variance in the genetic model, which included the additive genetics (A), 
dominant genetics (D), common environment (C) and unique environment (E). In the 
twin genetic analysis, we rely on the assumption that the additive and dominant 
genetics are 100% shared between MZ twins and 50 or 25% shared between MZ 
twins. Finally, the common environment is 100% shared, while the unique 
environment is not shared. The significance of all the contribution parameters is 
estimated by removing each parameter from the genetic model and then comparing 
the evidences of the resulting models (c.f., Bayesian model reduction). Full ACE and 
ADE model comparison was performed using maximum likelihood estimation. In 
detail, the within-group correlation was first calculated for MZ and DZ twins (rMZ and 
rDZ). When rMZ ≦ 2 rDZ , the ACE model was selected; when rMZ > 2 rDZ, the ADE 
model was selected. Model comparisons were conducted using the Akaike’s 
Information Criterion (and log likelihood chi-square difference test). A significant 
change in the AIC suggests that the missing parameter accounts for a significant 
contribution to phenotypic variation, and should be retained. Age and gender 
covariates were included in the models. 
RESULTS 
Demographic information 
In this study, we examined neuroimaging data from forty-six pairs of twins, which 
included twenty-four MZ (male: 13 pairs; female: 11 pairs) and twenty-two DZ (male: 
12 pairs; female: 10 pairs). The average age of the sample was 17.13 years old (SD: 
1.58). Independent-sample t-tests revealed that there were no significant age 
differences for all pairs of twins. Table 1 summarizes the demographic information of 
our sample.  
The DCM analysis and effective connectivity of DMN 
Group ICA analysis was performed on the resting state data to decompose the time 
series in terms of spatial pattern. Subject-specific default modes were identified using 
a default mode template. Figure 2 shows the mean default mode component for all the 
subjects. A one sample t-test was used to identify the DMN regions that were 
consistent across subjects. The result of the one sample t-test is shown in Figure 3A as 
a statistical parametric map. Based on this ICA analysis, we defined four ROIs 
including the PCC, mPFC, LPC and RPC. The locations of these ROIs are shown in 
Figure 3B, for a typical subject.  
Generalized filtering was conducted to estimate the hidden states of the ROIs and 
their effective connectivity. Figure 4 shows the estimated neuronal and hemodynamic 
state of the PCC following model inversion. Figure 4A and B show the estimated 
hidden states, which include the neuronal activity, vasodilatory signals, normalized 
flow, volume and deoxyhemoglobin (dHb) content. Figure 4C depicts the predicted 
response and associated prediction errors. We found that the conditional expectations 
in neuronal activity and hemodynamic states could account for most of the observed 
fluctuations in the resting-state fMRI time series. Furthermore, there were low 
amplitude fluctuations in the predictions that comprised an estimate of noise, although 
the slower and larger fluctuations were well predicted. 
The best model was then recovered from the estimates of the fully-connected DCM 
using Bayesian model reduction for each subject. Figure 5 shows the resulting 
estimates. There were 6536 reduced models, for all combinations of connections 
between 4 ROIs. Figure 5A shows the log evidence for over all models. We can see 
that with more connections, the models have greater evidence. As we expected, the 
full-connected model exhibited the greatest evidence and was the best explanation for 
our data. That is to say, the model evidence would decline if any connection was 
removed. The 90% Bayesian confidence intervals were shown in Figure 5B. When 
these intervals do not contain zero, it means that the connections contribution to the 
model evidence was substantial. Figure 6 shows the optimized (fully connected) DCM 
model for one typical subject in resting state. 
Heritability of the effective connectivity in DMN 
After the conditional parameter estimates were computed, SVD was used for each 
subject to obtain the principal component of DMN connectivity for further genetic 
analysis. The within-group correlation coefficients were first calculated for MZ and 
DZ twins. We found that the correlation of MZ (rMZ) was 0.72, while the correlation 
of DZ (rDZ) was 0.48. The ACE model was the best model of phenotypic variations in 
effective connectivity. The heritability was significant for the effective connectivity 
(VA = 0.54, P < 0.001), Table 2 summarized the ACE estimates for connectivity 
measures between DMN. 
DISCUSSION 
In this present study, we calculated the effective connectivity within the DMN in 
resting state, using stochastic DCM. Four ROIs (PCC, mPFC, LPC and RPC) were 
identified using ICA. We found that the full-connected model was the best 
explanation for our functional data. Subsequent genetic analysis demonstrated that 
genetics made a significant contribution to intersubject variations in effective 
connectivity of the DMN network, with a heritability of 0.54. Establishing the 
heritability of default-mode effective connectivity further endorses the use of 
resting-state effective connectivity as a potential endophenotype or intermediate 
endophenotype to guide the treatment and prognostication in brain diseases, and in the 
search for the genetic roots of brain disorders. 
Resting-state effective connectivity of the DMN 
The functional connectivity within DMN has received much attention; both in normal 
populations and subject with disorders (Rosazza and Minati, 2011). Some researchers 
have explored the directed functional connectivity among the DMN regions using a 
variety of approaches, such as Bayesian networks (Wu et al., 2011), Granger causality 
(Zhou et al., 2011) and partial directed coherence (Silfverhuth et al., 2011). Compared 
to other schemes, the advantage of DCM is that a hemodynamic model is used to 
estimate hidden neuronal states from observed fMRI signals. This is crucial for fMRI 
data, where observed BOLD signals are hemodynamic convolutions of underlying 
neuronal fluctuations (Li et al., 2012). In the current study, the full-connected mode 
was found to be the best model, in terms of model evidence. Bidirectional connections 
were observed between the PCC and LPC, PCC and RPC, mPFC and LPC, as well as 
mPFC and RPC in resting state, which is consistent with previous research on the 
DMN (Wu et al., 2011; Zhou et al., 2011). Directed connections between PCC and 
mPFC were also disclosed by our study, These two nodes play a key role in the DMN 
– and are both functionally and anatomically connected (Price, 2007). Finally, 
functional connectivity has been demonstrated between the PCC and bilateral parietal 
cortex in human brain, and prominent anatomical connections were also found in 
macaque monkey (Kobayashi and Amaral, 2007).  
Heritability of the effective connectivity within DMN 
The main purpose of this study was to identify the genetic and environmental 
contribution to resting-state effective connectivity in DMN. The heritability of the 
effective connectivity within DMN was 0.54, which suggested that the genes had a 
significant influence on the connectivity mediating spontaneous fluctuations in the 
resting state. Genetic effects have been shown to have a great genetic influence on 
resting-state functional connections in the human brain, ranging from 60% in adults 
(Fornito et al., 2011) to 42% in children (van den Heuvel et al., 2013). One previous 
pedigree study has found that 40% of the functional-connectivity variance is 
genetically controlled (Glahn et al., 2010). Another twin study has demonstrated that 
not all functional connections within DMN were significantly heritable, with the 
strongest heritable influence in the functional connections between PCC and inferior 
parietal cortex (41% for right and 24% for left) (Korgaonkar et al., 2014). Moreover, 
one study on the first-degree relatives of subjects with schizophrenia provided further 
support for a genetic role in resting state brain activity (Whitfield-Gabrieli et al., 
2009). Altered resting-state connectivity is also observed in the genetic disorders such 
as patients with 22q11.2 deletion syndrome (Schreiner et al., 2014). The heritability of 
effective connectivity in DMN was lower than that in adults, but higher than that in 
children, which is reasonable as the subjects in this study were adolescence.  
Moreover, recent studies have investigated the role of specific genes in the regulation 
of DMN connectivity. Catechol-O-methyl transferase (COMT) and brain-derived 
neurotrophic factor (BDNF) single nucleotide polymorphisms have been 
demonstrated to be associated with altered functional connectivity within the DMN, 
and there are links between COMT and BDNF to psychiatric disorders like depression 
(Arlt et al., 2013). Given the discovery of altered DMN in both mild cognitive 
impairment and Alzheimer’s disease, these findings provide evidence that resting state 
connections may be an early biomarker of genetic risk (Filippini et al., 2009). The 
genetic contribution to effective connectivity in our study suggests that this measure 
may serve as a potential endophenotype for exploring the genetic origins of brain 
disorders. 
LIMITATIONS 
There are some limitations to be acknowledged in this study. First, the sample in our 
study is in adolescents: with increasing age, there may be some changes in their 
default mode network. We also included age as a covariate in the genetic analysis, 
which could ensure the robustness of our result to some extent. Second, the sample 
was relatively small, which could reduce statistical efficiency. Future studies should 
increase sample size to ensure more efficient results. 
CONCLUSIONS 
In this study, we quantified the effective connectivity within the DMN in resting state 
fMRI data using stochastic DCM – and investigated the genetic and environmental 
contributions to resting-state effective connectivity. We demonstrated that the 
effective connectivity of the DMN is under genetic control using twin genetic analysis. 
Establishing the heritability of default mode effective connectivity provides further 
support for this measure as a potential endophenotype or intermediate phenotype in 
the search of the genetic origins of neurological and psychiatric disorders. 
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Figure legend 
Figure 1. ACE genetic modeling using a twin design. Additive genetics (A), common 
environment (C), and unique environment (E) variables are modeled and their 
contributions to the variance (a, d, c, and e, respectively) of the functional 
connectivity measures estimated using data from each twin and their corresponding 
twin. The additive genetics is assumed to be 100% shared between the monozygotic 
(MZ) or 50% shared between the dizygotic (DZ) twins and is indicated as 1 or 0.5 on 
the arrow connecting rg and rc. The covariance of age was also included in the model 
(s). m, male;, f, female. 
Figure 2. Statistical parametric map of the average default mode component across all 
the subjects in resting state. The spatial independent components were decomposed 
using the GIFT software. 
Figure 3. Statistical maps with one sample t-test on the default mode components 
over subjects (A) and locations of the representative regions for one typical subject 
(B).  
Figure 4. Results of the stochastic DCM. These results are taken from the PCC node. 
(A, B) show the underlying hidden neuronal and hemodynamic states. The model 
predictions and prediction error of the BOLD time series are shown in (C).  
Figure 5. Results of post hoc model optimization. The model with the highest 
evidence was the full model (A), which suggested that the full model was the best 
explanation for our data. (B) shows the conditional parameter estimates over 16 
connections. The associated 90% Bayesian confidence intervals are shown as pink 
bars. 
Figure 6. Effective connections of the full model averaged over subjects. The 
posterior mean values for the coupling parameter is shown along the connections. The 
headed arrows indicate the direction of the connectivity. 
Table 1 The demographic information of the sample and correlation between 
groups (Mean ± SD). 
 
  mMZ fMZ mDZ fDZ Total 
Sample 13 11 12 10 46 
Age 17.45 ± 1.49 17.46 ± 1.18 16.59 ± 1.73 17.01 ± 1.81 17.13 ± 1.58 
      
fMZ 0.033 (0.88) 
    
mDZ -0.25 (0.25) -0.026 (0.91)    
fDZ -0.026 (0.92) -0.38 (0.10) -0.082 (0.73)     
MZ, monozygotic; DZ, dizygotic; m, male; f, female. 
 
Table 2 Additive genetics/common environment/unique environment (A/C/E) 
model estimates and significant value for the DMN effective connectivity. 
 
rMZ rDZ VA VC VE 
P value A/C/E 
model fit 
0.72 0.48 0.54 0.35 0.21 P < 0.0001 
VA, additive genetics variance estimate; VC, common environment variance estimate; 
VE, unique environment variance estimate. 
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